SUMMARY This paper investigates
INTRODUCTION
This paper investigates sample attrition in a unique longitudinal survey of medical doctors. The availability of longitudinal data has allowed researchers on health and health economics to investigate a wide range of research questions that would otherwise not be possible using cross-sectional data. Some examples of longitudinal data on health include social surveys such as the Survey of Health, Ageing and Retirement in Europe , and in the form of administrative datasets such as population registers, hospital records and insurance reimbursement claims. 1 A key limitation of longitudinal data is the problem of non-response and attrition. Panel attrition is essentially the loss of data. Such attrition is usually cumulative so that after a few rounds of survey, the total data loss can be a significant proportion of the original sample. Whether such data loss seriously impacts statistical inference based on regression analysis depends upon the pattern of missingness. If the data are missing at random, then the panel remains representative of the underlying population but the sample size becomes smaller.
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In this case, the population conditional regression function can be identified and estimated consistently; however, the estimates are inefficient relative to those based on the full sample. If the pattern of missingness is such that the sample is not representative of the population, then the conditional regression function is not identified and cannot be estimated consistently. Concern with the inferential impact of sample attrition is based on a suspicion that the missing observations were 'selected out' of the sample according to a mechanism. The distortion in the inference on the conditional regression function, or some component thereof, induced by such a mechanism is referred to as attrition (or selection) bias.
A number of approaches to handle attrition exist, and their use depends on the assumptions made about the origins and causes of the missing data problem. If the data are assumed to be missing at random (MAR), reweighting using post-stratification weights can be used to adjust for the non-response. Alternatively, inverse probability weighting can be applied, which involves estimating the probability of response as a function of observed characteristics (Fitzgerald et al., 1998; Jones et al., 2004) . If the data are not MAR, attrition may be accommodated by modelling the non-response simultaneously with the outcomes of interest (Hausman and Wise 1979; Wooldridge 2010) . These model-based methods usually require strong and often untestable assumptions. An alternative is the use of refreshment samples that can provide additional information about the attrition process, allowing for more robust and precise estimation than relying solely on conventional methods (Ridder, 1992; Hirano et al., 2001) .
In this paper, we investigate the nature and consequences of attrition in the Medicine in Australia: Balancing Employment and Life (MABEL) longitudinal survey of doctors. If attrition leads to a random loss of data, then by definition such loss will not lead to sample selection bias. Hence, a natural way to investigate the effects of attrition is to design a test of the hypothesis that a data have a MAR property. We do so in several ways. We first compare the results from balanced and unbalanced samples, which we would not expect to significantly differ if the MAR assumption is valid. Following a conventional approach, we then specify a selection model for panel data and test whether there is a statistically significant selection effect. To test some of the potential limitations of this approach, we also use a recently developed copula-based framework to test if the conclusions based on the selection model are robust to alternative formulations. MABEL also makes available a top-up sample during each wave after the first, which in turn generates a top-up panel of its own. These additional panels also support further tests of the MAR assumption. Jointly, the various components provide a comprehensive investigation of the importance of attrition.
We investigate if the attrition in the MABEL survey affects the econometric analysis of medical labour market outcomes using the estimation of general practitioners (GPs) and medical specialists earnings equations. The determinants of doctors' earnings were analysed recently by Morris et al. (2011) and Cheng et al. (2011) and have been studied in the context of the effect of earnings on hours worked , job satisfaction (Ikenwilo and Scott, 2007) , the choice of working in the public or private sector (Saether, 2005) and gender differentials . A unifying feature in these studies is the reliance on cross-sectional data. Several recent studies employed panel data (Baltagi et al. 2005 , Sasser 2005 , Andreassen et al. 2013 ), but did not explicitly consider the effects of attrition. We focus our inquiry on the elasticity of earnings with respect to hours worked, which have been shown to be important in explaining earnings (Schurer et al. 2012 .
The remainder of the paper is organised as follows. Section 2 describes the MABEL survey and assesses the extent of, and reasons for, sample attrition. Section 3 discusses the estimation strategy for modelling attrition. Section 4 discusses the econometric estimates of the attrition function and the estimated hours elasticity on doctors earnings using the original 2008 cohort of doctors. Section 5 analyzes attrition in the top-up samples in MABEL and discusses the issues involved in using the top-up samples. Finally, Section 6 summarises our key findings.
THE MABEL LONGITUDINAL SURVEY OF DOCTORS
The MABEL survey is a longitudinal survey of Australian doctors that began in 2008. The aim of the survey is to investigate factors influencing workforce participation, labour supply, specialty choice and mobility of Copyright © 2015 01  02  03  04  05  06  07  08  09  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47 48 49 Joyce et al. (2010) for a description of the cohort and survey methods). Approximately 80 per cent of all doctors in the 2008 cohort are GPs (N = 3906) and specialists (N = 4596). From the second and subsequent waves, top-up samples comprising mainly of new entrants to the medical workforce are included to maintain the cross-sectional representativeness of the survey. These doctors are predominantly junior doctors -hospital non-specialists and specialists-in-training.
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Non-response in the Medicine in Australia: Balancing Employment and Life survey
Doctors in each cohort are defined as responders if they complete a survey questionnaire in any subsequent wave of the survey. Responding doctors can either be in clinical practice or not in clinical practice at the time of the survey. Those not undertaking clinical practice were only asked about their current status (e.g. maternity leave and working outside of Australia) and their intentions on resuming clinical work in Australia. A doctor is a nonrespondent in a subsequent wave if he/she fails to complete or return the survey questionnaire. Non-response can arise from refusal to respond or cooperate; absence of a valid contact address; declining to participate; or death of a study subject. Table I T1 describes the distribution of responders and attritors among GPs and specialists in the 2008 cohort across the first four waves of the MABEL survey. Conditional attrition rate, defined as the ratio of the number of drop-outs in wave t and the number of respondents in wave t-1, is the highest between the first and second waves. 21.5 per cent and 20.2 per cent of GPs and specialists respectively in the original cohort did not respond in the second year. By the end of the fourth year, 65.4 per cent of GPs and 66.8 per cent of specialists remained in the survey, with cumulative attrition rates of 34.6 per cent and 33.2 per cent. The overall survival rate across all four doctor groups (including specialists-in-training and hospital non-specialists) in the 2008 cohort after four years is 65.9 per cent (Yan et al., 2013) .
A significant fraction of attriting doctors re-enter the study in a subsequent wave. This can be seen from the last column of Table I , which shows the number of rejoiners -doctors who are non-respondents in wave t-1 and responded in wave t. Approximately 23 to 32 per cent of drop-outs in a previous wave responded to the next wave. A possible explanation for the high rejoiner rate is that changes in work (or residential) address can result in doctors being not contactable. This may arise if the AMPCo database does not have information on 
T. C. CHENG AND P. K. TRIVEDI the most recent address despite being updated regularly. Correspondingly, these doctors who were previously non-responders are likely to rejoin the survey when their addresses in the database have been updated. Indicative evidence can be observed from the data, where in wave 3, 8.4 per cent of those have moved from a different postal area are rejoiners compared with 5.6 per cent for those who had not moved. As we will explain in Section 3, it is usual to exclude rejoiners from the econometric analysis. Analysis of the patterns of attrition suggest that the relationship between attrition, earnings and hours worked is not straightforward and varies by doctor type. This is shown in Table A .1 in the Appendix, which presents the conditional attrition rates by annual earnings and hours worked at wave t-1. For GPs, attrition rates in year 2 are lowest for doctors in the first and fifth earnings quintiles. This relationship is reversed for specialists where attrition rates are highest for doctors with the lowest and highest earnings. Given that higher annual earnings can result from doctors working a larger number of hours, or having a high implied hourly earnings rate, attrition rates by annual hours worked are also presented to provide a more complete picture. The average attrition rate is higher in the top two quintiles of hours worked than in the bottom two quintiles, although there is some year-to-year variation.
Attrition rates also differ by doctors' characteristics. For both GPs and specialists, doctors who are male, are less experienced (and younger), self-employed and have changed postcodes are more likely to drop out across the four waves of the survey (Table A. 2). The likelihood of dropping out is also positively associated with the length of time doctors' take to complete and return the survey in the preceding wave, that is, attrition appears to be a limiting form of procrastination.
ECONOMETRIC STRATEGY
The literature on panel attrition has several alternative approaches for handling the potential selection biases that might ensue from it. Whether selection bias is a serious concern may well depend upon the variable under study, and hence, conclusions will necessarily be qualified.
Under the assumption that attrition leads to observations missing at random, we would not expect that the resulting unbalanced sample will generate significantly different estimates from a balanced subsample. A comparison of the two sets of results then can provide a basis of a Hausman-type test for selection bias without having to identify the attrition function (Nijman and Verbeek, 1992) . In the same spirit, using a refreshment sample if one is available to replace the missing observations with similar ones from the same population will also reduce or eliminate selection bias without having to identify the attrition function (Hirano et al., 2001) . Imputation of missing values has a similar objective, but doing so without an attrition function is difficult.
There are two econometric alternatives that are less restrictive than the MAR assumption. The first is to assume that missingness depends upon some observable attributes which are included among the regressors in the outcome equation; this is the selection-on-observables model. The presence of these regressors controls for attrition and avoids attrition bias. A second, less strong assumption is to use a standard variant of the selection-on-unobservables model in which it allows for potential dependence/correlation between the unobserved factors in the attrition equation and the outcome equation. A widely used approach to modelling such dependence is to assume that the two errors have a bivariate normal distribution. It is commonly assumed that for robust identification of the outcome equation, the attrition equation should include a non-trivial exogenous regressor that is excluded from the outcome equation, a modelling feature usually referred to as 'exclusion restriction'. This viewpoint is widely shared even though identification may also be secured via a robust non-linearity in the attrition equation, a modeling feature usually referred to as identification via 'functional form restriction'. The advantage of the latter is that an exclusion restriction is not needed, although the issue of the functional form of the non-linearity remains open.
In this paper, both variants of the selection-on-unobservables will be used. For the second variant, we rely on the recently developed copula-based approach to modelling selection (Smith, 2003; Hasebe, 2013 
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5 to not requiring a robust exclusion restriction, the copula-based model permits us to model dependence in a manner more flexible than bivariate normality. Details are given in Section 4.
Selection-based panel attrition model
The formal structure of the attrition model for panel data, consisting of the selection equation and the outcome equation, is similar to that of the classic sample selection model:
where .A it ; y it / are latent variables, z 0 it is a vector of exogenous regressors,˛i denotes the unobserved individual-specific effect and the component x 1i t consists of time-varying regressors and the component x 2i consists of time-invariant regressors whose components may overlap with z it ; the equation errors ." 1i t ; " 2it / may be correlated. A it takes the value 1 if the subject who responded to the survey questionnaire at t 1 does not respond at time t, and takes the value 0 otherwise, that is,
The outcome variable is only observed for survey respondents ('non-attritors'), that is, y it D y it if A it > 0 and is missing if A it Ä 0: The probit regression is a common specification of the attrition function, that is,
If the correlation between ." 1i t ; " 2it / is zero, then the pair (A it ; y it / will be conditionally uncorrelated; the individual specific-effect˛i may be treated either as a correlated (with the x 1i ) effect or an uncorrelated effect, a point that will be discussed further in the succeeding sections. Under non-correlation assumption, the missingness structure is said to be MAR type, in which case the outcome equation can be consistently estimated independently of the attrition equation.
Ignoring correlation or dependence between " 1 and " 2 , if it exists, results in selection bias. A number of panel data estimators that control for selection are available (Wooldridge (2010, chapter 19.9 ). This set includes parametric estimators, which assume that ." 1i t ; " 2it / have joint normal distribution, as well as the semiparametric two-step estimator that makes a sample selection adjustment. As in the case of the classic selection model for cross-section data, robust identification of the parameterˇ1 outcome requires that the attrition equation contains some non-trivial regressors that do not directly affect the outcome. One potential difference from the cross-sectional case, however, comes from the possibility that the set of instruments can vary over t:
We assume that the individual specific effect˛i is (a 'fied effect' ) correlated with the regressors in the outcome equation. Fixed effects ('incidental parameters') in linear models can be eliminated by first-difference or the so-called within transformation. The first-differencing transformation leads to a greater loss of observations because the range of t now starts at t D 2. But it also implies some analytical simplicity. Rewriting the previous equation in terms of first differences, we have
To facilitate two-step estimation of the aforementioned equation, the error term " 2;it is expressed in terms of its conditional expectation as follows:
where Á it is an independent and identically distributed AQ2 error term, it .z 0 / denotes the attrition hazard (aka inverse Mills ratio) and 12 denotes the covariance between ." 1i t ; " 2it /. A consistent estimator of it .z 0 /, denoted b it , is generated by the probit equation for the attrition event. Then the equation 
where the three terms inside the square brackets define the composite error on the outcome equation. Under the assumption that all elements of x 0 1;it are uncorrelated with the composite error term, the least squares estimator is a consistent estimator with a complicated asymptotic variance because b it is a generated regressor, and, moreover, the structure of the error implies serial correlation as well as heteroskedasticity.
In a panel data setting, it is not necessary to assume that is constant across different panel waves. The attrition equation may be estimated for each wave separately, say, using the probit specification PrOEA it jz it ; A i;t 1 D 1 Dˆ.z 0 it t /; which in turn would generate the time varying attrition hazardˆ.z 0 it t /. The outcome equation given earlier can be generalised to include an estimated -term for each wave.
An alternative specification is that in which one or more elements of x 1i t is endogenous, in which case an AQ3 instrumental variable or generalized method of moments-type estimator would be preferred. The usual caveats regarding the choice of instruments will apply. In the aforementioned framework, a test of the null hypothesis of MAR against the alternative of selection bias may be based on H 0 W 12 D 0 versus H 1 W 12 ¤ 0. Given quite strong assumptions involved in its implementation and the complexity of the robust variance estimator, the outcome of the test should be treated with caution. As mentioned earlier, there are other alternatives for testing this hypothesis, although these too have limitations. The outcome equation could be estimated using inverse probability weights (IPW) -an approach that does not require us to identify the attrition function. But IPW may generate imprecise results if the probability model does not include good proxies for the unobservables that affect the outcome and also determine selection (Wooldridge 2010, p.822) . Another approach (Nijman and Verbeek, 1992) is to compare results based on balanced and unbalanced panels. While a formal Hausman-type test has been suggested based on such a comparison, the validity of the test is questionable without making strong assumptions. Yet, another option which we consider in Section 5 uses a refreshment or a matched top-up sample to replace the missing attritors. Implementation of this approach is not practical for our data set as we explain in Section 5.
Copula-based approach to selection
This paper's empirical analysis of attrition within the framework of a selection model has three important limitations that apply to this genre of specifications. First, the methodology of controlling for selection relies on the restrictive assumption of bivariate normality. Second, it requires that we have a non-trivial excluded exogenous variable ,which serves to identify the role of attrition. Third, its test of selection is based only on a linear measure of dependence (correlation) between unobserved factors that simultaneously impact both attrition and earnings.
To address these limitations, we also estimated our model using the recently developed copula-based estimator, which relaxes the normality assumption and does not need any exclusion restrictions. A fully parametric copula-based approach (based on Sklar's Theorem) requires that we specify the marginal distributions ('margins') of the attrition and earnings variables, denoted f .Aj / and f .yj / (where conditioning variables are suppressed for notional simplicity), respectively, and then combined using a specified parametric copula, denoted C OEf .Aj /, f .yj /; ‚ where ‚ is a scalar-valued dependence parameter. This generates a joint distribution of A and y (with a dependence parameter) that may be estimated by maximum likelihood. We estimated the copula selection model using the Stata program heckmancopula developed by Hasebe (2013) .
The flexibility of the approach comes from the feasibility of varying both the margins, that is, f .Aj / and f .yj /, and the functional form of the copula, C OE . Further, provided the margins are sufficiently flexible, this approach potentially covers a wider range of dependence structures than possible under normal distribution. Specifically, one can model asymmetric or symmetric tail dependence. Sample selection effect is such that a model takes on a more general form. 
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The advantages of the copula-based approach were mentioned earlier in this section. A limitation of the approach concerns the choice of the copula function out of a set of many possible one. This disadvantage is mitigated if we consider several combinations of copulas and alternative specifications of the marginal distributions and choose the 'best' model according to a specified criterion. This is the approach followed. The marginal for attrition, a binary variable, is straight-forward, probit or logit; that for log(income) is more open. We have considered a set of alternatives that includes the log-normal, log-logistic, Student's t. The final choice between these alternative model specifications is based on the penalised log-likelihood criterion. We discuss the details of the exercise in Section 4.
RESULTS
Physician earnings model
The dependent variable of interest in the econometric analysis is the logarithm of annual gross (pre-tax) earnings of GPs and specialists . We examine annual earnings as opposed to hourly wages because an earnings model of hourly wages is misspecified if earnings are not proportional to hours worked (Cheng et al., 2011; Gravelle et al., 2011) . Given that total earnings are increasing in working hours, we include annual hours worked an explanatory variable, which is constructed using information on total weekly hours worked and the number of weeks worked per year.
In addition to hours worked, we include doctors' personal characteristics and a set of human capital variables such as doctors education and professional qualifications, experience and medical specialty for specialists. Given that employment mode and practice characteristics are likely to influence earnings, we include variables on self-employment, GP practice size and whether they undertake hospital work and the fraction of time in clinical work by specialists. We also include a set of state and territory indicators and measures of remoteness to control for local area characteristics. The sample characteristics, by attrition status, are presented in Table A .3.
The set of explanatory variables described earlier are included in the attrition function and the outcome equation. As indicated in Section 3, identification of the parameters in the outcome equation requires that the attrition function contains regressors (or instruments) that influence the likelihood of non-response but do not have a direct effect on earnings. We explained earlier that doctors who change postcodes are more likely to drop out; this is not a viable instrument if doctors move by switching into better paying jobs. Instead, we use the length of time (in days) that respondents took to return a hardcopy survey or complete an online questionnaire, which we showed in Table A .2, is negatively associated with the likelihood of dropping out in the next wave, but is not expected to have a direct effect on earnings. Table II T2 shows the estimates from the sequential response probit regressions for GPs and specialists. The estimates are from a 'pooled' model whereby the sequential response function of each wave t is pooled across waves 2 to 4 to maximise statistical power and estimated using covariates observed at wave t-1.
Estimates of the attrition function
For GPs, the results show a statistically significant relationship between the probability of response with the country of medical training, length of work experience and practice size. All else being equal, GPs that are trained in Australia have a higher probability of responding compared with their overseas trained counterparts. Doctors with more years of experience are also more likely to respond compared with those with less than 10 years since graduating from medical school. GPs from larger practices are also more likely to respond compared with solo practitioners. The length of response time in the preceding survey wave is significantly related to the likelihood of non-response. GPs who took a longer time to respond are more likely to drop out in the next wave. Conditional on the other covariates that influence the likelihood of response, there is no statistically significant relationship between non-response and hours worked. For medical specialists, those with more years of experience, and those who took a shorter time to return or complete a survey, are more likely to respond in the next wave. The results also indicate that specialists practicing in regional areas are more likely to respond compared with those in major cities. The results also suggest that there are differences in the likelihood of response across different medical specialties. Copyright 
U N C O R R E C T E D P R O O F U N C O R R E C T E D P R O O F
U N C O R R E C T E D P R O O F U N C O R R E C T E D P R O O F ATTRITION BIAS IN PANEL DATA: A SHEEP IN WOLF'S CLOTHING?
Estimates of elasticity on hours
Tables III T3 and IV present the estimates on the elasticity on hours worked from the physician earnings equations
T4
for GPs and specialists, respectively. Columns (1) and (2) show the estimates from the fixed effect estimator ('within estimator') for the unbalanced and balanced samples, respectively. Columns (3) and (4) present the first differences estimators for the unbalanced and balanced samples. Column (5) shows the estimates from the first differences estimator where attrition is accommodated by the inclusion of the attrition hazard in the earnings equation as described in Section 3. In these models, the attrition hazard is allowed to vary across the different panel waves by interacting the hazard function estimated from the pooled attrition model with a set of wave dummies. Robust-clustered standard errors used in columns (3) and (4). Bootstrapped standard errors in column (5). The total number of covariates is 25. Additional covariates include visa status, hospital work, self-employment, experience, practice size, states/territory and remoteness. The copula selection model in column (6) is estimated using the Stata program heckmancopula developed by Hasebe (2013) . The preferred copula selection model is based on Student t marginal for logarithm of earnings, probit marginal for attrition and the Frank copula. Robust-clustered standard errors used in columns (3) and (4). Bootstrapped standard errors in column (5). The total number of covariates is 29. Additional covariates include visa status, percentage of time in clinical practice, experience, self-employment, specialty, states/territory and remoteness. The copula selection model in column (6) is estimated using the Stata program heckmancopula developed by Hasebe (2013) . The preferred copula selection model is based on the logistic marginal for log earnings, logit marginal for attrition and the Plackett copula. 
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From Table III , the magnitude of the estimates from the fixed effect and first differences estimators where attrition is not explicitly modelled does not vary significantly, with the fixed effect estimate being slightly larger than the first differences estimate. The estimates from the balanced samples are slightly smaller compared with those from the unbalanced samples. These comparisons are informal and not necessarily superior to the Nijman-Verbeek test.
For the attrition adjusted estimates, a test of the null hypothesis that the wave-varying attrition hazard is jointly equal to zero is rejected. This result indicates that the MAR assumption is rejected, suggesting the presence of attrition or selection bias. Although the result suggests the presence of attrition bias, a comparison of the estimates from the first differences estimators with and without attrition adjustment reveals that these estimates are very similar in magnitude. This suggests that despite the presence of attrition bias, attrition in the MABEL survey does not have a significant impact on the estimates of earnings equations for GPs.
The estimates for the earnings model for medical specialists are presented in Table IV . As with the case for GPs, the fixed effect estimates are slightly larger compared with those from the first differences estimators. The estimates from the balanced samples are slightly larger than the unbalanced samples. For the attrition models where the constant is omitted from the attrition function, the null hypothesis that the wave-varying hazard is jointly equal to zero is rejected, suggesting the presence of attrition bias. Notwithstanding the difference in the findings on the presence of attrition bias, the estimate of the elasticity on hours is very similar across the variants of the first differences models. These results suggest, as with the case for GPs, that attrition does not have a significant effect on the estimation of earnings equations for specialists.
Copula-based estimation
Our copula-based application, as previously stated, requires a parametric assumption about the marginal distribution of the binary attrition variable and the continuous log(earnings) variable. We used the standard probit and logit specifications for the attrition dummy; for log(earnings) we used Gaussian, Student's t (with degrees of freedom left as a free parameter) and logistic alternatives. The main attraction of the Student's t distribution relative to the alternatives is that it can control for excess kurtosis (fat tails) that is a commonly reported feature of earnings.
We have used a suite of copulas to combine these margins including the Gaussian, Ali-Mikhail-Haq, FairlieGumbel-Morgenstern, Plackett, Gumbel, Clayton, Frank and Joe copulas; see Trivedi and Zimmer (2007) for additional details. The main differences between these alternative copulas are derive from their flexibility in capturing the type of dependence between earnings and attrition. For example, some copulas allow for symmetric positive or negative dependence (e.g. Gaussian) but cannot model tail dependence, whereas others allow only for upper or lower tail dependence (e.g. Gumbel and Clayton). Plackett and Frank copulas have proved popular in empirical work because they are flexible; they model the association between the two margins with a single parameter and they are comprehensive in that they can model both positive and negative association between the two margins by varying the dependence parameter.
We have no a priori restrictions on the dependence parameter. When, however, any particular specification conflicts with the data, our experience suggests that the maximum likelihood estimation will often fail or estimate a boundary value of the dependence parameter. From among the specifications for which we obtain full estimates 2 , our preferred specification is selected using the Bayesian information criterion.
Copula-based estimation results.
For the GP data, using a large number of combinations of margins and copulas, the preferred model(s) is one based on Student t marginal for log(earnings) and probit (or logit) margin 
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for attrition. This is shown in column (6) of Table III . With these marginal distributions, all alternative copula models generate very similar log-likelihood values close to 4775.2, which is significantly higher than obtained when the Student t is replaced by either normal or logistic margins, combined using any of the previously mentioned copulas. However, we note that the freely estimated degrees-of-freedom parameter is usually close to 2, a value for which the third and higher moments are undefined. For the selection equation, none of the models indicate evidence in favour of selection bias because of attrition; see the Wald test of independence in Table III . Not surprisingly, they all deliver similar estimates of the two equations. Note that the results in column (5) of Table III indicate attrition bias but the key annual-hours elasticity shows quite minor variation. The copula-based estimate of the elasticity is about 0.315, which is lower than the typical estimate obtained under other specifications. However, because the estimates reported in Table III are based on samples of different sizes, the conclusion is not clear cut.
For the specialist data, the fits of copulas using the Student t marginal for earnings were no better than those from alternative margins. Moreover, the estimated degrees-of-freedom parameter was typically significantly less than 2, indicating that the variance is undefined. To avoid this problematic outcome, we revert to the results based on logit (for attrition) and logistic (for log earnings) margins. With these margins, Plackett's copula was the best choice and is the basis of the results reported in column (6) of Table IV . The Wald test of independence between attrition and earnings is rejected for p-values less than 0.001. A similar conclusion also implied when the Gaussian copula (which fits less well) is used.
Note that the non copula-based estimates reported in column (5) in Table IV are also consistent with the finding of attrition bias. The estimated elasticity of earnings with respect to hours is about 0.104, much smaller than for GPs and smaller than the estimates from the conventional selection models. Overall, these results favour the hypothesis of attrition-induced selection bias.
We further assess the sensitivity of our results to the length of the panel by leaving out data of the fourth year for the 2008 cohort and running same analyses on data from waves 1 to 3. The coefficient estimates from using the shorter panel are very similar to those discussed earlier, suggesting that the length of the panel have little bearings on our findings. We also applied inverse probability weighting and both very similar results for both weighted and unweighted estimates. (Table A .4) . For the 2010 cohort, the attrition rate after the first year is 54.9 per cent for GPs and 35.4 for specialists. This is not surprising as the analysis of non-response in the 2008 cohort shows that younger doctors are more likely to attrite from the survey.
Compared with the 2008 cohort, doctors in the top-up samples have lower mean annual earnings and hours worked and are more likely to be male, overseas trained, younger and practise in regional and remote areas (Table A.5). Comparing responders and non-responders in the top-up samples, non-responders have higher mean earnings and hours worked, are less likely to be female, are more likely to be overseas trained and self-employed and have longer response time in the preceding survey wave. 
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Estimates of elasticity on hours: top-up samples
Despite the higher attrition in the top-up samples compared with the 2008 cohort, attrition does not appear to have a significant effect on the estimation of physician earnings equations using the top-up samples. Tables V T5 and VI T6 present the estimated hours elasticities for GPs and specialists for the pooled 2009-2010 cohorts. The results show that not only are the hours elasticities in the balanced and unbalanced panels quite similar, these estimates are also not very different compared with those obtained from the attrition model. This is observed even when the attrition models reject the null hypothesis that the wave-varying hazard is jointly equal to zero, suggesting the presence of attrition bias. Robust-clustered standard errors used in columns (3) and (4). Bootstrapped standard errors in column (5). The total number of covariates is 15 and is less than the set of covariates for the 2008 cohort because of the smaller size of the top-up samples. Additional covariates include visa status, hospital work, self-employment, experience, states/territory and remoteness. The copula selection model in column (6) is estimated using the Stata program heckmancopula developed by Hasebe (2013) . The preferred copula selection model is based on Student t marginal for log earnings, logit marginal for attrition and the Plackett copula. Robust-clustered standard errors used in columns (3) and (4). Bootstrapped standard errors in column (5). The total number of covariates is 8 and is less than the set of covariates for the 2008 cohort because of the smaller size of the top-up samples. Additional covariates include visa status, experience, self-employment, broad specialty groups, states/territory and remoteness. The copula selection model in column (6) is estimated using the Stata program heckmancopula developed by Hasebe (2013) . The preferred copula selection model is based on logistic marginal for log earnings, logit marginal for attrition and the Gumbel copula. 
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Copula estimation results: top-up samples
The copula-based estimates using the top-up samples data are summarised in Tables V and VI . These results are similar to those based on the 2008 cohort data in one respect. They indicate an absence of attrition-based selection bias in the GP sample and its presence in the specialist sample. Another pattern of results that is also repeated is that the hours elasticity based on the copula specification for specialists is nearly 40 per cent smaller than that based on the more conventional selection model.
Using the top-up samples to handle attrition
By design, the top-up samples in the MABEL survey are new doctors entering into the medical workforce and comprise predominately of younger doctors. We explained earlier that the main purpose of the top-up samples is to maintain the cross-sectional representativeness of the survey. However, although these samples are not strictly 'refreshment samples' in the sense of Hirano et al. (2001) , they can potentially be used to address panel attrition in the original 2008 cohort. This is because the attritors in the original cohort consist of younger doctors, and by adding the top-up samples to the original cohort one would essentially be replacing the young attritors. Refinements can be made by replacing attritors with top-up doctors identified using propensity score matching (Dorsett, 2010) .
There are a number of caveats. The inclusion of the young top-up doctors to the 2008 cohort may result in the over-representation of younger doctors. This is potentially a problem if the objective is to compare sample means of different variables, but is not an issue if one is estimating regressions (see Cameron and Trivedi (2005) , Chapters 24.2 and 24.3; Solon et al. (2013) ).
Secondly, if there is parameter heterogeneity in that the outcomes of interest for the young doctors vary systematically from those of the rest of the population, merging the top-up sample with the attrition-impacted sample may result in a misspecification that would affect the test of the MAR assumption. This can be tested, as we did, by estimating the earnings equation using only the 2008 cohort, using only the top-up samples and then using the combined pooled sample. The test is performed by calculating the Chow test statistics to test the restriction that the coefficients in the 2008 cohort and the top-up samples are equal. The test statistics are F .8; 3424/ D 5:08 and F .8; 3706/ D 13:96 for GPs and specialists, respectively, and one can reject the null hypothesis 3 at conventional levels that the earnings regression estimates for the 2008 cohort and the top-up samples are equal.
Finally, the top-up samples become top-up panels when followed over time and can itself suffer from attrition. It is therefore important that one systematically tests for attrition bias in the original panel, the top-up panels, as well as when these panels are combined.
6. CONCLUSION In this paper, we assessed the nature and consequences of panel attrition in a unique longitudinal survey of medical doctors. While staying within the framework of selection on unobservables for modelling attrition bias, we have estimated both well-established, and some recently developed, econometrics methods. We find that copula-based selection models bring additional flexibility regarding distributional assumptions and dependence structure in the study of attrition. Specifically, we can account for fat-tails in the outcome distribution and asymmetric dependence in the selection mechanism. Further, we have analysed attrition bias in top-up samples and highlighted the potential issues that might arise from their use for controlling attrition bias.
We focus our inquiry on the econometric analysis of physician earnings as a case study of labour market outcomes in the medical sector. Our analysis suggests that the impact of attrition on inference about earnings of GPs is small. This conclusion applies to both the initial cohort and the subsequent top-up samples of GPs. Judged by the effect of attrition on estimates of the elasticity of earnings with respect to hours worked, the
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impact is larger for specialists. This is evidenced especially by the smaller point estimate from the copula model compared with the conventional selection models.
Users of panel data are frequently warned about the potential biases in inference that might result from attrition. Yet, many influential studies in the literature report that attrition does not lead to serious biases in the economic sense, even in the presence of statistical evidence of attrition bias, and large sample attrition (Fitzgerald et al., 1998; Neumark and Kawaguchi, 2004; Jones, 2007) . Based on our results, we find that our study is in broad agreement with the general view on the consequences of attrition in panel studies. Such conclusions from individual case studies are consistent with the scenario in which attrition is well-predicted by regressors already included in the outcome equation, that is, the selection-on-observables model largely applies and hence attrition is well-controlled for. Our conclusions are but only slightly nuanced for the case of medical specialists, where there appears to be some evidence for an economically significant bias. 
APPENDIX
U N C O R R E C T E D P R O O F U N C O R R E C T E D P R O O F
16 T. C. CHENG AND P. K. TRIVEDI 
U N C O R R E C T E D P R O O F U N C O R R E C T E D P R O O F ATTRITION BIAS IN PANEL DATA: A SHEEP IN WOLF'S CLOTHING?
